Abstract: Several factors must be considered for robotic task execution in the presence of a fault, including: detection, identification, and accommodation for the fault. In this paper, a prediction error based dead-zone residual function and a nonlinear observer are used to detect and identify a class of actuator faults. Advantages of the proposed fault detection and identification methods are that they are based on the nonlinear dynamic model of a robot manipulator (and hence, can be extended to a number of general Euler Lagrange systems), they do not require acceleration measurements, and they are independent from the controller. A Lyapunov-based analysis is provided to prove that the developed fault observer con-. verges to the actual fault.
Introduction
Due to the sustained needs for robotic application in remote and hazardous environments, and with emerging applications in medicine and bioengineering for the treatment of disease (often requiring patient-robot interfacing), robot reliability and fault tolerance have received significant interest. Several factors must be considered for robot operation in the presence of a fault. These factors include: detection of the fault; characterization, quantification, and identification of the fault; and then response to the fault by halting the system and/or accommodating for the fault (e.g., through a robust or adaptive controller or through system redundancy).
Fault detection is an enabling technology for fault quantification and accommodation, and hence, has received significant interest. As described in [37] , faults occurring in the Space Shuttle Remote Manipulator System could be inferred if redundant sensors disagreed significantly with the prescribed trajectory or each other. A simple thresholding scheme was used to infer when a fault occurred; however, selection of numerical values for the thresholds proved difficult, and inappropriate choices led to false alarms during missions [37] . Clearly, fault detection will be most effective when more complete dynamic models for the manipulator are considered in the fault detection tests (residuals). In [23] , a robust tracking controller/fault detection scheme was proposed that utilized the full dynamic model of the robot manipulator. Unfortunately, the fault detection residuals are based on conservative thresholds, which are obtained by taking the norm of user defined upper bounds for the position and velocity tracking errors. A dynamics-based approach was shown. to be effective for certain types of faults in [9], where faults were inferred for a standard industrial robot by monitoring sudden changes in a vector of on-line parameter estimates for the robot. However, the underlying dynamic model was highly sirnplilkl (constant inertias, and coupling between joints was neglected), which implies again the need for either conservative thresholds, or probable false alarms. A more rigorous approach to the synthesis of fault detection residuals was presented in [30] , in which the theoretical maximum number of independent residuals were derived for a manipulator with redundant sensing, based on linearized dynamics for the robot. Dynamic thresholds were developed based on full (nonlinear) manipulator dynamics. The results were promising, however the thresholds required the measurement or estimation of manipulator acceleration which is problematic, since for most practical applications the acceleration is numerically generated from position or velocity signals, and hence, the signal is inherently noisy. , a fault detection and isolation architecture for nonlinear uncertain dynamics systems was presented. This approach utilizes a bank of nonlinear adaptive estimators, one for fault detection and approximation, the other is used for fault isolation. This approach relies on faults to be smooth functions and full state measurability is required. This approach also relies on adaptive parameter estimates for fault detection and isolation. In (181, the authors consider fault detection and isolation in nonlinear Euler-Lagrange mechanical systems. The approach relies on faults acting as an additive effect on the system dynamics, where exact model knowledge and full state measurability is required. A nonlinear observer with linear error dynamics is used to generate the residual for the fault detection and isolation system. Some researchers have used other tools such as fuzzy logic and artifkial neural networks to approximate the models of the system and/or to identify the fault [SI, [21] [23] .
The development in this paper leverages on the research presented in [4] to further develop a method for robot manipulator fault detection and identification. Specifically, by leveraging on the dynamics filtering method in [4] to eliminate the need for acceleration measurements, a new fault observer and a filtered error signal are developed in this paper to identify the fault signatures. The fault observer enables the development of an estimate system which can be compared to the real system through the system states, q(t) and q(t). The occurrence of a single or a concurrent fault(s) will result in a difference between the two systems, allowing instantaneous detection of the fault. Then the fault observer asymptotically identifies ~7 1 , 1311,1361.
the fault. A system supervisor could use this information along with knowledge of the system to determine specifically which fault has occurred. When more than one fault occurs on one or multiple joints, the faults can be detected and identified, but the faults that are identified encompasses all faults per joiEt. These cases would r e quire an advanced system knowledge to determine what specific faults were occurring in the system.
System Model
The mathematical model for an n-DOF robotic manipulator is assumed to have the following form [4]
where
(4)
In ( 
respectively, where T i ( t ) is the applied torque at joint i, y1 E JR is a positive scaling term, and T~~ E W n represents a vector of maximum torques that can be applied by the actuators. The dynamic equation in (l), exhibits the following property which is utilized in conjunction with the following assumptions in the subsequent development.
Assumption 1: The following upper bounds exist for some finite value of time (clearly from (6), the ramp fault cannot be bou:nded as t --+ 00).
Assumption 2: A continuous control is designed which ensures that q ( t ) , Q(t), ~( t )
E C , W. Note that based on the form of the dynamic model given in (l), if
q(t),q(t),.r(t) E C , , and from Assumption 1, it is
clear that @(t) E C, .
Fault Detection and Identificat ion
One method for detecting actuator faults is to utilize (5); however, this approach requires acceleration measurements. Motivated by the desire to eliminate joint acceleration measurements from the subsequent fault d e tection algorithm, a filtered torque signal, denoted by ~f ( t ) E R", is defined as follows I161 
T f ( t ) = Ydq, 4) + Cf(t)
where Yf(q,q) E Rnx* denotes the measurable, filtered vector which is independent of joint acceleration measurements and is defined as follows and C f ( t ) E R" denotes a filtered fault signal defined as
t ) , Q ( t ) ) . (12)
An implementable form (i.e., a measurable, acceleration independent form) of (10) can be determined by utilizing (8) and (9) 
where a , P were defined in (9).
Prediction Error Based Fault Detect ion
To detect actuator faults in n-degree-of-freedom (DOF) robotic manipulators, a measurable prediction error signal, denoted by ~( t ) E R", can be defined as follows 
then an actuator fault is present in the system. Based on (16), it may appear that the prediction error could be used to also identify the fault. However, the prediction error only provides a filtered version of the fault. Specifically, by exploiting Laplace Transform properties [4], the filtered fault can be related to the actual fault by the following differential equality
where C U ,~ were defined in (9). To recover the actual fault, it is clear from (17) that the time derivative of E ( t ) is required. This approach to recover the fault is undesirable because the numerical differentiation of ~( t ) would introduce noise and corrupt the fault signature. Motivated by this fault recovery issue, the subsequent fault identification strategy is based on a nonlinear observer approach that only requires joint position and velocity measurements.
Fault Identification
Once a fault has been detected (i.e., Vt 2 Tf), additional knowledge regarding the fault may be required (e.g., to make decisions regarding the continued operation of the system, to facilitate a fault accommodation scheme). In this section, a nonlinear observer is proposed as a method to identify the fault. To facilitate the development of the fault identification scheme, a velocity observer error signal, denoted by e ( t ) E Rn, is defined as follows where h(t) E Pn denotes the following velocity estimate where c(t) E R" denotes a subsequently designed nonlinear fault observer. The time derivative of (18) (20) (21) After substituting (1) and (21) into (20), the following simplified expression can be obtained (22) a t ) -t ( t ) (23) where <(t) E P" is defined as where e(t) was introduced in (19). Based on (22) and the subsequent analysis, the following nonlinear observer is developed to identify the fault
where ko, kl E R represent positive observer gains, where sgn(.) denotes the vector signum function. From (18) and (24) , it is clear that the fault observer does not depend on acceleration measurements.
To facilitate the subsequent analysis, an auxiliary error signal, denoted by s ( t ) E R", is defined as follows
The time derivative of (25) can be determined as
where the time derivative of (22) was utilized along with (23) , (25) and (25) . (27) where yz and y3 were defined in (7). The fault observer given in (24) (25) , respectively. After taking the time derivative of (29) and using (25) and (26), the following expression can be obtained
(30) The following simplified expresijion can then be obtained after utilizing (25) (31)
The integral of (31) from Tf to' t can be expressed as
After integrating the fourth term on the right-hand side of (32) by parts and integrating the fifth term on the right-hand side of (32) with respect t o time, the following expression is obtained for V ( t )
Provided kl is selected according to (27) , V ( t ) can be further upper bounded as follows were C E R represents the following positive bounding const ant
C A V(Tf) + Ile(Tf)II -e T ( T f ) t ( T j ) . (34)
From the structure of (33) and the definition in (34), it is clear that V ( t ) E L,; hence, s ( t ) , e ( t ) E L,. Since s(t), e(t) E C,, (25) can be used to prove that e(t) E C,.
Based on the assumption that ?(t) E C , (Assumption 2) and the fact that s(t), e(t), d ( t ) E Cm, (26) can be used to prove that B ( t ) E t , . The 
Conclusion
In conclusion, a fault detection and identification method is proposed for robot manipulators. The fault detection method introduced in [4], and the proposed fault identification method axe independent from the controller. The fault identification scheme can be applied to a generic class of actuator faults that are second-order differentiable. The effectiveness of the proposed fault detectionlidentification methods are illustrated through a numerical simulation.
